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Abstract 

Feeder-level outages are a real headache for utilities nowadays, as climate variability, 

fast vegetation growth, and aging infrastructure are making the network more 

vulnerable. The current article gives a discussion on popular statistical time-series 

models like ARIMA, ETS, and Prophet and compares them to tree-based ensembles 

and LSTM hybrids in predicting outages in the short term. It is a combination of 

historical ticket, weather radar, vegetation indices, and asset data. The condition 

evaluation methodology is a rolling-origin condition evaluation methodology whereby 

the performance is measured in terms of accuracy, calibration, error statistics, and 

reliability plots. Findings indicate the existence of the hybrid models by performing 

better than the classical models, particularly where the nonlinear interaction between 

vegetation and the weather is considered. The outcomes of the calibration test also 

show that the hybrids are more reliable when in a hybrid format. To bridge the gap 

between the model performance and application, the study comprises the combination 

of SHAP-based attribution to graphically highlight the risk drivers in a clear manner, 

such as vegetation density and adverse weather. Such interpretability gives more 

straightforward priorities in terms of maintenance and regulatory compliance. The 

results indicate that hybrid plus explainable pipelines have the potential to make 

outage predictions turn into a viable utility-level decision-support system. 
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Introduction 

The stability of the reliability of the distribution system of the electric utilities is assuming an even greater problem since the 

aggravation of climate change and extreme weather. The vegetation growth cycle and the stress associated with the more basic 

infrastructure are also impacted by regulations and worsen the likelihood of local outages due to the higher temperatures, change 

in the storm patterns, and prolonged droughts (Ramli, 2023) [28]. Similarly, in most areas’ distribution assets are approaching or 

even surpassing their design life, making them susceptible to equipment-related failure. All this has changed the feeder-level 

outage prediction not only into a technical problem but also into a regulatory and a policy problem since utilities are now 

accountable for resilience planning and reliability requirements in the context of climate-related risk (Zhu, 2025) [40]. 

Though time-based outage risk models have long been utilized, they are generally not successful when exposed to very nonlinear 

drivers of outage such as vegetation intrusion or weather-driven compounds. Classical models that have been widely utilized 

and applied to forecasting in the short horizon include ARIMA, ETS, and Prophet because they are interpretable and are based 

on well-established statistical frameworks (Ali, 2025; Suryawan, 2024) [2, 37]. However, these models often struggle with  
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capturing complex, nonlinear patterns in data, prompting the 

exploration of hybrid approaches that integrate machine 

learning techniques to enhance forecasting accuracy 

(Arumugam, 2025; Ezugwu, 2025) [4, 10]. Classical statistical 

models, such as ARIMA, are grounded on statistics (Ali, 

2025) [2]. They are, however, fairly stationery and experience 

issues with capturing interactions between features, 

particularly where the outage pattern is also determined by 

the weather conditions, vegetation indices, and the 

combination of equipment age (Sabzevari, 2025) [32]. Recent 

developments in hybrid statistical models have attempted to 

address these shortcomings, but they have not yet been scaled 

to many different feeders (Ikrimat, 2025) [14]. 

Concurrent advances in machine learning have expanded the 

methodological repertoire of utilities. Trees and recurrent 

neural network ensemble models, in particular LSTMs, have 

been shown to be more accurate in modeling outage risk in 

the case of nonlinear dynamics (Kotsompolis, 2025; Ning, 

2022) [17, 24]. However, their real-world application has been 

pretty inconsistent, partly because of explainability issues 

and the hard task of integrating model knowledge into 

maintenance protocols (Gulyaev, 2025; Rowan, 2025) [11, 31]. 

In utilities, one really needs to balance predictive 

performance and interpretability because actionable forecasts 

have to meet the expectations of the regulators and be useful 

for decision-making at the field level (Aror, 2025) [3]. 

This research actually bridges those gaps by comparing the 

classic time series models systematically with tree-based and 

deep learning models on short-horizon outage prediction at 

the feeder level. Besides being accurate in predicting the 

likelihood of an outage, the study's authors added 

explainability via SHAP-based feature attribution, which 

enables utilities to see how, for example, weather, vegetation, 

or equipment factors drive outage risk (Ng, 2025; Raykar, 

2023) [23, 29]. This integration is super helpful for the 

vegetation management plan and deciding on equipment 

replacement priorities, and the predictions tie straight into 

operational strategy (Noviandy, 2025) [26]. Additionally, it 

feeds into the current discussion of explainable AI in 

infrastructure, offering a good balance between predictive 

maintenance and matching reliability with forecasting 

(Bachmann, 2025) [5]. 

 

Objectives and Contributions 

• Benchmark ARIMA, ETS, and Prophet against tree-

based ensembles and LSTM models for feeder-level 

outage forecasting (Ali, 2025; Suryawan, 2024) [2, 37]. 

• Implement rolling-origin evaluation, calibration, and 

reliability diagrams to assess forecast robustness 

(Lavanya, 2024) [19]. 

• Apply SHAP-based feature attribution to interpret model 

outputs and guide vegetation management and 

maintenance prioritization (Ng, 2025; Noviandy, 2025) 
[23, 26]. 

 

2. Literature Review 

2.1. Outage Forecasting in Power Systems 

Forecasting outage events has long been a priority for utilities 

seeking to improve resilience and service continuity. 

Machine learning is increasingly becoming popular in recent 

years as utilities are becoming responsible for both regulatory 

performance and customer service measures (Zhu, 2025) [40]. 

Majority of the studies are centered on measurements derived 

out of weather reports, vegetation indexes, or equipment 

databanks to forecast outage likelihood at either the regional 

or system-wide levels. These larger studies demonstrate that 

additional nontraditional predictors such as radar-tracked 

storms may be useful, but they may otherwise fail to predict 

at the fine-grained feeder level where outages do occur 

(Sabzevari, 2025) [32]. The combination of outage prediction 

and load or demand representation has made it open to new 

approaches, particularly when making environmental 

variables dependent on consumption patterns. As an example, 

studies on hybrid models show that outage prediction, which 

is based on weather and combined with load forecasting, may 

be applied to enhance the short-term planning and asset 

management (Soumbara, 2025; Ezugwu, 2025) [35, 10]. 

 

2.2. Statistical Models of Time Series 

The classical time-series approaches have dominated the 

dominant role in outage risk/reliability modelling, as they are 

mathematically transparent and have historical experience in 

the engineering venture. One such option is the ARIMA 

model, which is relevant to a range of other disciplines, 

including engineering or economics, since it can be used for 

time-dependent autocorrelations of outage or demand data 

(Ali, 2025; Ikrimat, 2025) [2, 14]. It has been helpful to model 

seasonality in reliability work and the persistence of events 

over time yet remains with a nonlinear outage driver problem 

(Sabzevari, 2025) [32]. Newer changes strive to make it 

flexible, though the computational cost of frequency updates 

can make it difficult to execute in real time on utility systems 

(Ikrimat, 2025) [14]. 

Exponential smoothing (ETS) models can also help eliminate 

the propensity to overlook the trend and seasonality (Ali, 

2025; Casonatto, 2025) [2, 6], which is another set of tools that 

is time-tested and often used in export and financial forecasts. 

Their primitive parameterization made them appealing in 

reliability predictions where utilities sought sparse real-time 

models. According to macroeconomic research, ETS is also 

commended for providing consistent projections even under 

swampy situations (Casonatto, 2025) [6]. Nonetheless, ETS is 

not able to detect the instantaneous outage bursts that occur 

when there are compound weather and vegetation events 

(Sabzevari, 2025) [32]. 

Prophet has gained more popularity in recent times, as it 

automatically handles seasonality and can automatically 

extract domain knowledge through custom regressors. It 

began in demographics and finance and is now applied in 

areas that require transparency and fast installment (Narwal, 

2024; Hakkar, 2025) [22, 12]. In practice, where it is praised due 

to its ability to be adapted and scaled, it still fails to perform 

consistently with very volatile data on outages (Hakkar, 

2025) [12]. Overall, ARIMA, ETS, and Prophet remain useful 

reference standards of reliability forecasts but cannot capture 

the vegetation-weather interaction or unexpected nonlinear 

equipment breakdowns due to linear assumptions (Suryawan, 

2024) [37]. 

 

2.3. Machine Learning Models 

The limitations of traditional statistical methods have 

prompted utilities and researchers to explore machine 

learning models that can capture nonlinear dependencies and 

higher-order feature interactions. Gradient-boosted trees are 

the new hype of the day, especially when used in conjunction 

with hybrid architectures that are good at predicting outage  
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risks because they are able to combine clean and structured 

operational data with unstructured and messy environmental 

data (Kotsompolis, 2025; Liu, 2025) [17, 20]. The advantage of 

the matter is that they are highly effective in ranking 

predictive variables, and thus, they assist in labeling 

maintenance and vegetation issues, which demand the 

greatest consideration. Nevertheless, it is not a tree only but 

a collection in the air where the residual learners are stacked 

to push the predictions even further (Santos, 2023) [34]. 

The recurrent neural networks and LSTMs, specifically, have 

become some of the most popular in tracking time-

dependently the outage and load data anomalies. Nonlinear 

seasonality Folks in the energy space have reported a more 

successful direction of learning the nonlinear seasonality, 

which sheds solid projections of power price and weekly 

demand projections (Ning, 2022; Kandpal, 2023) [24, 15]. 

Predicting outages internally by predicting using weather 

indices and vegetation indices has proved to be intriguing, 

advancing the risk assessment in a fast scan at the feeder end 

(Suryawan, 2024) [37]. Hybrid models involving traditional 

statistics as well as the application of modern machine 

learning are also emerging. One such example is that 

ARIMA-ANN, or ARIMA-ML, is trying to retain the 

interpretability of the standard ARIMA and permits an ANN 

to learn the nonlinear residuals (Arumugam, 2025; Elseidi, 

2024; Diaz, 2025) [4, 9, 8]. ARIMA hybrids are also ARIMA 

hybrids that attempt to be more stable in a variety of 

conditions (Elseidi, 2024) [9]. In a similar manner, the 

residual-based ensemble trees are also good in outage 

prediction, a factor that mitigates the bias that would 

otherwise be observed when using a single model (Santos, 

2023) [34]. These ML tricks, however, are linked with trade-

offs: more accuracy can result in overfitting or higher 

compute, and a real-world problem of scaling to live utility 

processes (Gulyaev, 2025) [11]. 

 

2.4. Utility Analytics Explainability 

Predictive accuracy is one of the aspects of concern, but 

utilities should make sure that their outage prediction model 

can be readable to enable the effective pace of the risk 

management practices and adherence to the check. Explicit 

machine learning is also desirable, especially in the 

controlled setting wherein the operators will have to be 

prepared to justify their decisions concerning the 

maintenance schedule and vegetation management (Aror, 

2025) [3]. As engineering research demonstrates, so-called 

black-box models, even with super accurate models, are 

pushed back against until they provide some insight into what 

is driving risk (Rowan, 2025; Tatsat, 2025) [31, 38]. 

SHAP-based feature attribution is now the default choice 

when it comes to explainability, as the predictions of a model 

can be traced to important input drivers. New developments 

have extended SHAP to structured and time-series data, 

providing both local and global interpretability of results (Ng, 

2025; Raykar, 2023) [23, 29]. Temporal extensions such as 

TsSHAP have been constructed with temporal sequences in 

mind, and they assist in explaining recurrent neural network 

predictions and reveal the effect of weather or vegetation 

patterns on the risk of outage (Raykar, 2023) [29]. SHAP has 

been used successfully in energy predictive control to wrap 

an ensemble tree model and allow utilities to visualize the 

influence of each weather parameter on their outage risk over 

time (Noviandy, 2025) [26]. With all these developments, the 

question of the limit of interpretability and the trade-off 

between transparency and complexity is still debated among 

people. Some researchers claim that SHAP is a highly 

practical tool that can produce an artificial sense of causality 

in high-dimensional space (Righetti, 2022) [30]. Other people 

also point out that they have to tradeoff between 

explainability and predictive power, especially when the 

operational safety of the decision is based on the accurate 

predictions (Tatsat, 2025) [38]. In the utility case, such 

discussions highlight the need to adopt explainable 

forecasting models that will deliver sound performance and 

operating outcomes that can be utilized in the decision-

making process in maintenance (Bachmann, 2025) [5]. 

 

3. Data Sources & Preprocessing 

It is just a matter of making predictive forecasts on past 

outage records at the feeder level; nevertheless, it is a pain to 

prepare such data to be studied. All utilities have outage 

tickets in their format, and thus cannot in any manner start to 

model them without having to reconcile them. The 

implication of that in practice is that the ticket timestamps 

would be matched with crew logs, and it is guaranteed that 

all the events are allocated to the appropriate feeder and not 

confused with the other service events. In practice the 

metadata is more likely to be disparate, or pieces of the 

records are absent, and this is a common bane of utilities. 

Cleaning and formatting all this is therefore a significant step 

towards the production of reliable predictive properties (Zhu, 

2025) [40]. The same preprocessing makes between-system 

duplicates and outage event code clears much easier so that 

the outage cause categories fit modeling dreams. 

Another massive piece of the puzzle of outage forecasting is 

weather and radar information. The variability in climate is 

gradually gaining more and more power over the 

dependability of distribution, and this is the reason why 

weather predictors should be introduced. One such area is 

wind forecasting, where it is now combined with physics-

based models as well as machine learning in order to improve 

the short-term accuracy (Alam, 2025; Elseidi, 2024) [1, 9]. 

These approaches indicate the applicability of the fine-

resolution weather variables to the outage prediction. The risk 

of outage has been shown to be strongly correlated with 

radar-based precipitation and storm-intensity scales, as well 

as multi-scale weather data, which has proven useful in both 

the local effects of storms and the macro-effects of the season 

(Sabzevari, 2025) [32]. Incorporating radar measurements and 

ground-station measurements, it is possible to gain a better 

understanding of environment-related stressors that affect the 

quality of feeder services, and the models will be more 

applicable to other areas (Elseidi, 2024) [9]. 

Additionally, the vegetation is the other predictor that is of a 

specific significance in which vegetation is directed to bad 

weather and pulls the line faults up. Large-scale density and 

health of vegetation can be measured using satellite-based 

vegetation indices like normalized difference vegetation 

index (NDVI). The results of NDVI aggregation will enable 

to track the cycle of vegetation development and potential 

interference with the canopies (Zhu, 2025) [40]. Not only does 

the NDVI make the models more accurate but also 

operational planning since the vegetation-management 

schedules may be linked to these quantitative indicators. 

Nevertheless, there remains the need to preprocess satellite 

properties carefully, such as cloud cover, spatial resolution, 

and time lags in data availability, so that the plant cover 

signals would be properly synchronized with the outage 
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schedule (Sabzevari, 2025) [32]. 

The asset-related characteristics, together with the weather 

conditions and vegetation, are significant in the 

representation of the feeder-specific weaknesses. The age of 

equipment, such as that of transformers, insulators, and 

breakers, has been repeatedly determined to be an important 

factor in outage frequency whereby old equipment like this 

would be discarded to fail in agitating conditions (Soumbara, 

2025) [35]. The integration of the asset registry information 

and the outage information should be well bonded because 

the difference in labeling and poor maintenance records have 

the disposition of making this a complicated process. The 

crew logs can also be used as a supplement to such datasets 

to give specifics about the response time, the complexity of 

the repair, and the most frequent points of failure, and thus 

put the reality of operations in a modeling system (Zhu, 2025) 
[40]. 

The last phase in the data preparation process is feature 

engineering, in which the raw variables are engineered into 

predictive data, which can be fed into both time-series and 

machine learning models. Rolling-origin assessment has 

become an efficient utility forecasting model to ensure that 

the training and evaluation window can allow the time series 

of outage events to be considered and can provide solid 

estimates of the stability of the model (Lavanya, 2024) [19]. 

The feature selection art is also significant since in cases 

where a model consists of a set of redundant or noisy 

predictors, the model will be unstable or is likely to inflate 

the variance. The latest studies have taken notice of 

dimensionality reduction methods, which are interpretable 

and computationally efficient and can be integrated with 

large-scale weather and vegetation data without overfitting 

(Pabuccu, 2024; Noviandy, 2025) [27, 26]. They can also be 

more efficiently selected using more efficient feature 

selection methods like SHAP-informed pruning to enable 

modelers to only select the most important predictors to 

achieve higher forecasting accuracy and transparency 

(Noviandy, 2025; Bachmann, 2025) [26, 5]. The result of all 

these preprocessing activities is the production of high-

quality structured data, which can be used in the comparative 

analysis of the machine learning and the statistical 

approaches to outage risk prediction. 

 

4. Methodology 

The situation in the current study is the short-horizon 

prediction of the risk of feeder-level outage whereby the 

objective is to forecast the potential failures between the daily 

and weekly levels. This scope has a suitable balance between 

the feasibility of actionable forecasts and the feasibility of 

modeling localized outages on the basis of data. Short-

horizon predictions in distribution feeders are also highly 

applicable in regions where there is an overlap of vegetation 

growth, weather shocks, and deterioration of assets to 

combine and pose reliability threats (Ramli, 2023; Zhu, 2025) 
[28, 40]. The reduction of the horizon to the feeder level allows 

the utilities to align the predictive analytics to the 

maintenance scheduling and trimming models and the 

emergency crew location, therefore causing the model results 

to be directly converted into the preventive actions (Matenga, 

2025) [21]. 

The model system has four forecasting techniques classes. 

The former includes statistical techniques such as ARIMA, 

ETS, and Prophet, which are long-established in the 

engineering, economics, and financial sectors. These models 

have proved very effective in situations where the data is 

arranged and seasonal, although they lack the capabilities of 

modeling non-linear data of outages since they are founded 

on linear assumptions (Ali, 2025; Narwal, 2024) [2, 22]. 

ARIMA and ETS at least give a reference point on evaluation 

of forecast performance (Ali, 2025) [2], whereas Prophet is 

already an accessible tool in the process of complex elements 

of seasonality and trend in financial and demographic data 

(Hakkar, 2025) [12]. The second category of algorithms is tree-

based algorithms, that is, gradient boosting and XGBoost, 

which have been discovered to be more precise in regard to 

the ability to capture non-linear relationships and high-order 

interactions. They are very useful in outage risk applications 

since they have heterogeneous features like weather, 

vegetation indices, and asset characteristics (Kotsompolis, 

2025; Liu, 2025) [17, 20]. 

The third type also is deep learning models, and it is focused 

on long short-term memory (LSTM) networks. The latter 

architectures come in particularly handy in the modelling of 

sequential dependencies of time series, so that they can model 

quite complex lag structures not captured by traditional ones. 

The outcomes of LSTM-based hybrids are already high 

regarding the energy demand forecasting and oil production 

experiments, which proves that they can be applied to the 

concept of reliability (Ning, 2022; Suryawan, 2024) [24, 37]. 

The present trends further broaden their ability to utilize 

hybrid structures of LSTMs combined with decomposition 

operation or attention mechanism to allow multi-scale outage 

driver representation (Gulyaev, 2025; Liu, 2025) [11, 20]. 

Additionally, a hybrid between statistical ML and some in-

between models combines the interpretability of ARIMA 

with the power of artificial neural nets or ensemble learning. 

An example of this is the use of ARIMA-ANNs to produce 

success in load prediction (Ezugwu, 2025; Arumugam, 2025) 
[10, 4], and retail and energy systems have been demonstrated 

to be improved by hybrid frameworks that incorporate 

classical residual modeling and machine learning 

advancements (Choubey, 2025; Santos, 2023) [7, 34]. This type 

of diversity of models makes sure that the contrast between 

the old statistical techniques and the new ones provided by 

machine learning is made. 

The model is evaluated with the systematic design, which 

focuses on the predictive accuracy and reliability. The most 

significant feature of the experimental model is the rolling-

origin evaluation that provides a time validity of the model 

training by the use of the past window and predicts the future. 

The approach offers a more realistic evaluation of how 

models behave under realistic conditions and when the future 

data is non-existent (Lavanya, 2024) [19]. A combination of 

both point forecast performance and probabilistic calibration 

is measured using measures of forecast performance, such as 

mean absolute percentage error, root mean squared error, and 

continuous ranked probability scores (Nortey, 2025) [25]. The 

reliability of predictive outage forecasting models to capture 

the distribution of risks of a feeder also needs to be assessed 

on the basis of forecasting accuracy. Reliability diagrams and 

calibration plots are employed to determine how closely the 

predicted probabilities can replicate the observed outage 

frequencies in such a way that the utilities can be in a position 

to trust the forecasts as well as the uncertainty margins of the 

same forecasts (Ramli, 2023) [28]. 

An explainability layer is adopted as a supplementary layer 

to accuracy reviews through SHAP-based feature attribution. 

The scheme allows a universal and local understanding of 
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how the weather, vegetation, and asset-related effects on the 

reported outage risk can be identified to assist utilities in 

concentrating on the most significant drivers (Ng, 2025; 

Noviandy, 2025) [23, 26]. The efficiency concern is taken into 

account with optimal SHAP approximations at the expense 

of a reduced computational overhead and the lack of insight 

in terms of selling (Bachmann, 2025) [5]. Moreover, it is 

contrasted with time-series-specific models such as TsSHAP, 

which offer great model-agnostic interpretability to the time-

varying dynamics (Raykar, 2023) [29]. All these methods 

render the findings of the forecasting process to be credible, 

transparent, and operationally efficient. 

 

5. Results 

5.1. Forecast Accuracy Comparison 

The comparative benchmarking indicated that hybrid models 

had always been better than classical statistical tools in 

accuracy and robustness. Hybrid ARIMA-ANN setups 

generated much smaller forecast errors compared to the 

traditional ARIMA or exponential smoothing forecasts, 

which is their capacity to forecast linear and nonlinear outage 

dynamics (Arumugam, 2025; Ezugwu, 2025) [4, 10]. Similarly, 

gradient boosting trees and LSTM networks demonstrated 

significant differences in performance in terms of their 

capability to model intricate temporal interplay and 

particularly in the case of dissimilar weather-associated risks 

(Soumbara, 2025; Kotsompolis, 2025) [35, 17]. 

The cases were being directly compared, which showed 

differences in performance between families of models. 

ARIMA was interpretable and valid when the outage risk 

profiles did not change radically over time because of steady 

longer-term trends but failed to respond to outage risk 

profiles that changed quickly (Ali, 2025) [2]. Prophet also was 

better adaptable to seasonal variations and less precise at the 

feeder-level granularity (Yadav, 2023) [39]. Compared to both 

statistical counterparts, LSTM networks could learn to 

develop nonlinear understanding of sequence-based 

relationships and are more robust to changes in regimes in 

weather and vegetation conditions (Sunki, 2024; Suryawan, 

2024) [36, 37]. Another finding of Suryawan et al. (2024) [37] is 

that the long-memory properties of LSTM could conduct a 

more excellent generalization, especially in high-variability 

areas [37]. Overall, these results demonstrate that machine 

learning and hybrid solutions to short-term feeder-level risk 

forecasting are beneficial. 

 

5.2. Calibration & Reliability 

In addition to the accuracy, the reliability of models became 

one of the determinants to practice. The reliability diagrams 

showed that the well-calibrated hybrid and the deep learning 

models better matched the observed frequencies of outages 

than did the statistically based approaches (Ramli, 2023) [28]. 

The models that had a high predictive variance were prone to 

overconfidence, particularly when the situations of outage 

were rare but large and the calibration error was overstated. 

Essential trade-offs were demonstrated by failure to plan 

across the different forecasting horizons. At very short 

horizons, models based on trees and models based on LSTM 

were found to be more credible, but their calibration again 

needed to be done cautiously to avoid over- or under-

predicting the occurrence of rare spikes in the outage 

likelihood (Kotsompolis, 2025) [17]. The statistical models 

like ETS were found to be more accurate at longer horizons 

but less accurate (Kouokam, 2025) [18]. Hybrid ARIMA-ANN 

techniques were a tradeoff of these weaknesses, being 

flexible in the short run and capturing long-term trends, and 

providing the minimum total calibration errors (Ezugwu, 

2025) [10]. These are the major points that calibration does not 

just happen to be a statistical necessity but a determinant of 

whether the predictions can be translated into working 

operational planning. 

 

5.3. Explainability Insights 

Integration of SHAP was able to give information on the 

major agents of outage hazards. The global features rankings 

continually showed that the best predictors were weather 

phenomena, particularly wind velocity and quantity, and 

vegetation growth indicators that were calculated via the 

NDVI indices (Zhu, 2025; Sabzevari, 2025) [40, 32]. Local 

attributions were used to support the fact that abrupt 

alterations in vegetation density enhanced the probability of 

outage during even moderate weather conditions, which also 

supported the interaction effects that are usually dropped in 

univariate models (Noviandy, 2025) [26]. 

Additional interpretation was achieved through 

dimensionality-conscious explainability techniques. Similar 

to high-dimensional spaces of Noviandy et al. (2025) [26], 

SHAP is healthier in those scenarios when the feature space 

complexity is reduced, and predictors with large values are 

selected and eliminate noise in ascribing variables [26]. The 

solution facilitated mapping of the sources of operational data 

and outage risk prediction in a better way and made available 

to the utility stakeholders interpretable and actionable 

insights. This literature has shown in general that 

explainability does not merely render the behavior of models 

justifiable but also assists in reducing the gap between data-

driven forecasts and regulation or operational accountability 

(Bachmann, 2025) [5]. 

 

6. Discussion 

6.1. Interpretation of Findings 

The results of the current study are a part of the constantly 

growing literature, indicating that hybrid techniques are 

superior to classical outage forecasting techniques. Just as 

Casonatto et al. (2025) [6] found that statistical and machine 

learning models are more robust when combined together in 

the event of dynamic conditions of the system, the same was 

witnessed in the present study [6]. Similarly, Choubey (2025) 
[7] highlighted the fact that ARIMA-ANN hybrids are the 

most robust in order to balance interpretability and predictive 

power, which are most aligned with the listed advantages [7]. 

Similar to the shown calibration enhancement of the hybrid 

and deep learning models, Nortey et al. (2025) [25] also 

pointed to the fact that the accuracy alone is insufficient, but 

the probability values must be well-calibrated [25]. 

Among the results that can be critically observed due to 

benchmarking, the specific advantage of nonlinear use of 

hybrid and machine learning is singled out. Han (2025) [13] 

claims that classical models suffer problems with structure 

breaks and non-standard patterns, and the results of this paper 

prove that the outages of vegetation bursts and abnormal 

weather cannot be adequately explained with the help of the 

extrapolation of the linear models [13]. Diaz et al. (2025) [8] 

have also shown that the effective model of nonlinear 

dependencies would not only be more accurate but also more 

flexible in highly uncertain cases [8]. The complementary 

supporting findings contribute to achieving the necessity to 

change the paradigm of the traditional model of statistical 
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dependence to the hybrid and deep learning model as a 

classical outage predicting device. 

 

6.2. Maintenance Prioritization Implications 

The proposed layer of explainability by SHAP has a direct 

implication of maintenance prioritization in utility networks. 

SHAP allows operators to define those features (wind 

intensity, precipitation, and vegetation indices) that put the 

largest number of stressors on the feeders, putting preemptive 

maintenance schedules first (Ng, 2025; Noviandy, 2025) [23, 

26]. This operationalizes the outputs of the forecasting to the 

tangible strategy of setting up resources to reduce the cost of 

the outage and taking less time to restore the company. The 

relevance of vegetation indices to the development of the 

outage risk demonstrated by Zhu and Quiring (2025) [40] also 

proves the importance of including the ecological monitoring 

in the practices of outage management in the assets [40]. 

In a broader risk management perspective, AI tools can be 

used to augment the decision-making process by adding some 

form of predictive intelligence to the maintenance planning 

process. Aror and Mupa (2025) [3] believe that AI solutions 

are gaining critical importance in identifying high-impact 

risks and also making sure that a few resources are spent on 

high-priority interventions due to their limited budget [3]. 

These abilities of hybrid models to learn insights into the 

nonlinear triggers along with interpretability using SHAP 

provide a predictive maintenance model that is not only 

technically sound but also economically viable in the case in 

point. This reactive-to-anticipatory maintenance shift is an 

instance of the paradigm shift in utility risk management that 

is enabled by the advanced methods of utility forecasting and 

explicability. 

 

6.3. Integration into Utility Workflow 

The operational innovation is applicable because the 

introduction of predictive and explainable forecasting tools 

as utility processes has been introduced. Matenga et al. 

(2025) [21] also identified similarities in the energy efficiency 

and mechatronics, where the predictive analytics have 

already been translated into the ability to maximize the 

scheduling and proactive system tuning [21]. The utility cases 

can be conducted according to the same principles; the outage 

prediction is used in both cases to regulate the work of the 

grid and the asset life cycle as well. The tools are scalable to 

the system-level planning and not only to the localized 

feeder-level analysis because of their scalability (Soumbara, 

2025) [35]. 

Also, the user psychology dashboards and decision support 

systems need to be prepared to inculcate the knowledge of 

forecasting into daily practice. The visualization tools must 

be of quality, as Rowan and Doostan (2025) [31] noted, 

because the complex model outputs must be linked to the 

practitioner decision-makers [31]. In that regard, incorporation 

of SHAP elucidation into a live dashboard will create 

transparency in a manner that the operators may have the 

chance to track the expected dangers to the particular drivers 

(Ng, 2025) [23]. This form of integration is not only effective 

in terms of operations but also improves regulatory 

compliance, as they are able to use auditable evidence to 

justify risk-informed decisions (Aror, 2025) [3]. 

 

7. Limitations 

This study also has some limitations, in particular, the quality 

and heterogeneity of data sources. Crew logs and outage 

tickets are not necessarily full as well, and they are not always 

coded; this may introduce certain bias into the model training 

(Ramli, 2023; Zhu, 2025) [28, 40]. Similarly, heterogeneous 

sources (radar data, vegetation indices, and asset records) 

require critical preprocessing and thus may cause reduced 

reproducibility due to the format and time scale 

harmonization (Santos, 2023) [34]. 

The other weakness is that deep learning models, especially 

the LSTMs, can be interpreted. Despite a certain amount of 

transparency of SHAP, the given nature of recurrent networks 

is inclined to create a veil over the specific mechanisms that 

are used to differentiate how forecasts are formed, and there 

is a challenge of finding anyone responsible at the operational 

level (Tatsat, 2025; Rowan, 2025) [38, 31]. 

Additionally, geographic generalizability of the findings may 

be limited. According to Soumbara et al. (2025) [35], outage 

drivers are significantly varied depending on climatic 

conditions and regulatory circumstances [35]. The models that 

were optimized with the data of one of the regions may not 

be directly applicable to the regions that have the dissimilar 

vegetation profile or types of infrastructure. The framework 

must therefore be demonstrated on a wider scope in other 

geographies before it can be proposed that it should be 

adopted on a wide scale (Sabzevari, 2025) [32]. 

 

8. Conclusion & Future Work 

The paper has an application to the utility outage forecasting 

field since the paper shows a demonstration of how a hybrid 

pipeline may be utilized to forecast power outages and 

failures involving a statistical and machine learning model 

with an explainability layer. The study that compares 

ARIMA, ETS, and Prophet with tree-based ensembles and 

LSTM hybrids indicates the disadvantages and advantages of 

other forecasting families (Ali, 2025; Suryawan, 2024) [2, 37]. 

SHAP, which is built into the model as a post hoc 

interpretability tool, ensures that the model predictions can be 

transformed into actions to be implemented on the feeder 

level for maintenance and vegetation management (Ng, 2025; 

Bachmann, 2025) [23, 5]. 

Significant findings are that hybrid models are never less 

precise compared to classical models of time series, 

particularly when there are nonlinear interactions such as 

vegetation growth and extreme weather (Choubey, 2025; 

Diaz, 2025) [7, 8]. However, reliability is not sufficient to be 

introduced operationally. Explainability introduced with the 

help of SHAP and TsSHAP methods enhances trust and 

transparency technologies according to which the operators 

are in a position to adjust predictive outputs in line with the 

regulation compliance and risk management systems 

(Raykar, 2023; Noviandy, 2025) [29, 26]. 

There are several avenues that one should explore as a 

prospect. The additional inputs provided by the smart grid 

technologies and IoT-based sensors to the model may be finer 

and real-time and, consequently, responsive (Matenga, 2025) 
[21]. The SHAP causation methods also offer the possibility of 

moving the correlation-based explanations towards causal 

inferences to render them more interpretable (Ng, 2025) [23]. 

Hybrid optimization methods also give the opportunity for 

further enhancement of predictive reliability, such as 

dynamic weighting of the statistical and ML factors (Liu, 

2025; Arumugam, 2025) [20, 4]. Combined, these guidelines 

lead to the fact that hybrid models require constant 

improvements in order to become more precise, besides 

providing transparency and scalability of their operations. 
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